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Abstract

Molecular studies of Alzheimer’s disease (AD) implicate potential links between autoimmunity
and AD, but the underlying clinical relationships between these conditions remain poorly
understood. Electronic health records (EHRS) provide an opportunity to determine the clinical
risk relationship between autoimmune disorders and AD and understand whether specific
disorders and disorder subtypes affect AD risk at the phenotypic level in human populations. We
evaluated relationships between 26 autoimmune disorders and AD across retrospective
observational case-control and cohort study designs in the EHR systems at UCSF and Stanford.
We quantified overall and sex-specific AD risk effects that these autoimmune disorders confer.
We identified significantly increased AD risk in autoimmune disorder patients in both study
designs at UCSF and at Stanford. This pattern was driven by specific autoimmunity subtypes
including endocrine, gastrointestinal, dermatologic, and musculoskeletal disorders. We also
observed increased AD risk from autoimmunity in both women and men, but women with
autoimmune disorders continued to have a higher AD prevalence than men, indicating
persistent sex-specificity. This study identifies autoimmune disorders as strong risk factors for
AD that validate across several study designs and EHR databases. It sets the foundation for
exploring how underlying autoimmune mechanisms increase AD risk and contribute to AD

pathogenesis.

Introduction

Alzheimer’s disease (AD) is a debilitating neurodegenerative disease that is accompanied by
enormous social and economic burdens, and its prevalence is increasing due to the growing
aging population worldwide (1,2). AD is characterized biologically by amyloid plagues and tau
deposition in the brain, while clinical syndromic diagnoses, such as specific forms of progressive

memory loss, have evolved with the development of better AD diagnostic tests and biomarkers
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(3,4). Treatments that slow cognitive decline have been a large focus of AD research over the
past several years (5), and understanding of underlying risks and pathogenesis in order to treat
the disease at an earlier stage is especially important considering that current treatments are
still unable to fully rescue normal cognition (6).

Many prior molecular and genetic studies suggest a potential role of the immune system and
chronic inflammation in AD pathogenesis (7-9). Indeed, over half of the genetic variants associated
with AD to date are primarily expressed in immune cells (10). Furthermore, several studies point to
immune pathways like the NLRP3 inflammasome (11) and complement system (12-14) becoming
dysregulated in AD experimental animal and human models. However, the extent of contribution of
immune system dysfunction to AD remains poorly understood at the clinical phenotype level in
diverse human populations. Autoimmune disorders are one potential source of chronic immune
dysregulation, and their clinical risk relationship with neurodegenerative diseases like AD has yet to
be fully characterized. Furthermore, autoimmune disorders exhibit a similar sex disparity to AD
(15,16), affecting women more so than men (17-19), suggesting a potential relationship between
biological mechanisms and clinical manifestations that has yet to be quantified. Therefore, studying
risk relationships in individuals with autoimmune disorders and AD will provide a powerful way
to understand the role of autoimmunity as a risk factor for AD overall and across sexes.

With advances in curation of real-world datasets (20), such as electronic health records
(EHRSs), there is a great opportunity to investigate clinical risk relationships between many
autoimmune disorders and AD. The large sample sizes that EHRs provide also allow for robust
analyses that can be stratified in a sex- and disease-specific manner and validated across
hospital sites. Here, we examine risk associations between AD and 26 different autoimmune
disorders in the UCSF EHR system, and we further stratify our analyses by sex to holistically
understand the biological effects of immune dysfunction on AD pathogenesis at the phenotypic
level. We show that there is a clear and strong risk association between autoimmune disorders

and AD overall and in both men and women, but that women with autoimmune disorders
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81 continue to have the highest AD prevalence compared to men with autoimmune disorders. We
82  show evidence for increased AD risk effects from particular autoimmune disorders and disorder
83  subtypes, and we further investigate the timing of AD onset in autoimmune disorders patients.
84  Finally, we provide robust validation of our risk associations from the Stanford EHR system to
85 demonstrate stability of risk signals across different study designs and mitigate potential
86  confounding factors.
87
88 Results
89  We selected patients with autoimmune disorders and/or AD for case-control and cohort study
90 designs from the UCSF and Stanford EHR databases, which contain information on over 5
91  million and 3.8 million patients, respectively. For patients with autoimmune disorders, we
92 identified individuals with each of 26 different autoimmune disorders of interest (Table S1), and
93 type 1 diabetes, rheumatoid arthritis, autoimmune thyroiditis, and inflammatory bowel disease
94  were among the most prevalent in the study groups. The case-control study groups consisted of
95 7,812 individuals (3,906 AD patients and 3,906 non-AD controls, Fig 1, S1) from UCSF and
96 13,292 individuals (6,646 AD patients and 6,646 non-AD controls, Fig 1, S1) from Stanford. The
97  cohort study groups consisted of 27,630 individuals (13,815 autoimmune disorder patients and
98 13,815 non-autoimmune controls, Fig 1, S1) from UCSF and 260,516 individuals (130,258
99  autoimmune disorder patients and 130,258 non-autoimmune controls, Fig 1, S1) from Stanford.
100 Inthe UCSF data set, the mean (xSD) lifespan in the case-control group was 80.05 (+6.74)
101  years for AD patients and 80.07 (x6.73) years in non-AD controls, while in the cohort study
102  group, the mean lifespan for autoimmunity patients was 69.25 (x13.21) years and 69.10
103  (x13.38) years for non-autoimmune controls. Because individuals had a higher proportion of
104  censored death information in the Stanford data set, these people were assessed by birth year

105 rather than lifespan, and we verified that this difference would not significantly influence results
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106 (see Methods and Sensitivity Analyses). In the Stanford data set, the mean birth year (xSD) was
107  1934.53 (£10.11) for AD patients and 1934.50 (+10.07) for non-AD controls in the case-control
108  study group, while in the cohort study group, the mean birth year both for autoimmunity patients
109  and non-autoimmune controls was 1968.38 (+21.83) (Table 1). Women made up a majority of
110  each of our study groups, representing 61.9% (case-control) and 57.9% (cohort) of individuals in
111 the UCSF study groups, and 62.3% (case-control) and 64.9% (cohort) of individuals in the

112  Stanford study groups. Further demographic information across study designs and EHR data
113  setsislisted in Table 1.

114 We compared the risk of being diagnosed with AD in patients with autoimmune disorders
115  compared to non-autoimmune controls across case-control and cohort study designs in both the
116  discovery (UCSF) and validation (Stanford) data sets. We evaluated the risk of AD in the study
117  groups both overall and in a sex-stratified manner across multiple levels of autoimmune disorder
118  stratifications to determine specific autoimmune drivers of AD risk.

119

120 Autoimmune disorder diagnoses are significantly associated with increased risk of AD
121 overall and within sex-specific groups

122 In the case-control study groups, overall, individuals with autoimmune disorders had

123  significantly higher odds of an AD diagnosis compared to non-autoimmune controls in both

124  discovery (OR = 1.7, 95% CIl 1.4-2.0, p = 2.5e-9, Fig 2A) and validation (OR = 1.4, 95% CI 1.2-
125 1.6, p = 1.4e-7, Fig 2A) data sets. We observed even larger AD risk associations with

126  autoimmune disorders in the cohort study groups, where odds ratios were 2.0 (95% CI 1.7-2.4,
127  p =7.0e-15, Fig 2A) and 1.6 (95% CI 1.4-1.9, p = 1.6e-13, Fig 2A) for UCSF and Stanford,

128  respectively. This consistent elevated risk across study designs and EHR systems highlights a
129  strong connection between autoimmunity and AD.

130 We divided our discovery and validation data into female- and male-only subsets to

131 determine if AD risk remained elevated within sex-specific groups and learn if the overall risk
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132  association was primarily driven by women. In the female-only subsets of the case-control study
133  designs, we observed significantly greater odds of an AD diagnosis in women with autoimmune
134  disorders compared to control women at both UCSF (OR = 1.8, 95% Cl 1.4-2.2, p = 4.1e-8, Fig
135 2B) and Stanford (OR = 1.3, 95% CI 1.1-1.5, p = 3.0e-3, Fig 2B). Similarly, among women in the
136  cohort study groups, we observed significantly greater AD risk in women with autoimmune

137  disorders at UCSF (OR = 1.8, 95% CI 1.5-2.2, p = 4.9e-9, Fig 2B) and at Stanford (OR = 1.4,
138 95% CI 1.2-1.7, p = 1.2e-5, Fig 2B). There were also strong associations between autoimmunity
139 and AD in the male-only subsets. In the case-control study groups, men with autoimmune

140  disorders had significantly greater AD risk compared to control men across UCSF and Stanford
141 studies (UCSF OR = 1.5, 95% CI 1.1-2.0, p = 0.014; Stanford OR =1.8,95% CI 1.4-2.3,p =
142  8.2e-7; Fig 2B). The results in the cohort study groups agreed (UCSF OR = 2.5, 95% CI 1.7-3.6,
143  p=1.3e-7; Stanford OR = 2.3, 95% CI 1.8-3.0, p = 2.0e-11; Fig 2B), highlighting higher risk in
144  men with autoimmune disorders compared to control men across both EHR systems. The

145  increased AD risk observed in both men and women with autoimmune disorders suggests that
146  increased AD risk conferred by autoimmunity is not driven solely by one sex.

147

148 AD prevalence is increased in the presence of autoimmune disorders, but women remain
149 the most affected

150  While autoimmunity associates with AD risk within both sexes, we next tested whether it

151 elevated risk more in one sex than the other. Furthermore, we wanted to determine if the

152  presence of autoimmunity diminishes the well-documented AD sex-disparity wherein women
153  tend to develop AD more often than men. To address these questions, we conducted an AD
154  prevalence analysis within the cohort study groups of our discovery and validation data sets.
155  Due to the smaller number of men compared to women in our data, we conducted 1:1 matching
156  of women to men based on demographic variables (see Methods) and computed AD prevalence

157  across sex and autoimmunity stratifications. In our discovery data set, women with autoimmune
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158  disorders (N = 5,821) had the highest AD prevalence at 3.0%, followed by men with

159  autoimmune disorders (N = 5,821) at 1.9%, control women (N = 5,821) at 1.7%, and finally

160  control men (N = 5,821) at 0.79% (Fig 2C). While the absolute prevalence values were lower at
161 Stanford, likely due to younger patients being included in the cohort study group as a result of
162  censored age information (see Methods), there was a similar hierarchy in the validation data
163  set, where women with autoimmune disorders (N = 45,743) had the highest AD prevalence at
164  0.47%, followed by men with autoimmune disorders (N = 45,743) at 0.43%, control women (N =
165  45,743) at 0.31%, and control men (45,743) at 0.19%. As expected, the higher prevalence in
166  control women compared to control men (UCSF corrected p = 6.2e-5; Stanford corrected p =
167  1.1e-3; Fig 2C) corroborates well-documented sex-disparities in AD. We then discovered that
168  women with autoimmune disorders exhibited a higher AD prevalence than men with

169  autoimmune disorders in the UCSF data set (corrected p = 9.9e-4). The AD prevalence

170 difference between autoimmunity patients of different sexes was roughly equal in magnitude to
171  the difference between control patients of different sexes (1.1% versus 0.91%), suggesting that
172  sex-disparities in AD remain present, even with autoimmunity conferring greater risk in both
173  sexes. The intersex comparison in autoimmune patients in the Stanford data set was not

174  significant (p = 0.4), but women with autoimmune disorders did exhibit a slightly higher AD

175  prevalence than the corresponding men, likely indicating that women continue to bear the most
176  risk for AD even when a significant immune perturbation like autoimmunity is at play.

177

178  Specific autoimmune disorder subtypes are associated with greater AD risk, driven by
179 individual disorders

180 Next, to determine if particular classes of autoimmune disorders are associated with AD risk
181 more than others, we divided the 26 autoimmune disorders into subtypes based on the organ
182  system each one primarily affects. This resulted in eight disease subtype categories:

183  musculoskeletal, gastrointestinal, dermatologic, systemic, vascular, hematologic, neurologic,
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184  and endocrine (Fig 3A). We computed the AD odds ratios for individuals with these disease

185  subtypes in each of the case-control and cohort study designs across UCSF and Stanford data
186  sets. In the overall case-control and cohort study designs of the UCSF data set, autoimmune
187  disorders in the gastrointestinal (case-control OR = 6.1, 95% CI 2.7-14.6, corrected p=7.2e-6;
188 cohort OR = 2.5, 95% CI 1.4-4.7, corrected p=6.5e-3, Fig 3B), hematologic (case-control OR =
189 18.1, 95% CI 4.7-84.8, corrected p=2.3e-6; cohort OR = 4.5, 95% CI 1.8-13.4, corrected

190 p=3.6e-3, Fig 3B), endocrine (case-control OR = 2.8, 95% CI 1.8-4.4, corrected p=6.0e-6;

191 cohort OR = 1.9, 95% CI 1.4-2.6, corrected p =2.2e-4, Fig 3B), musculoskeletal (case-control
192 OR = 2.5, 95% CI 1.7-3.9, corrected p=2.7e-5; cohort OR = 2.0, 95% CI 1.5-2.8, corrected

193  p=4.7e-5), and dermatologic (case-control OR = 3.1, 95% CI 1.6-6.1, corrected p=1.2e-3; cohort
194 OR =2.4,95% CIl 1.4-4.0, corrected p=2.6e-3) categories associated with increased risk for AD.
195  Systemic, vascular, and neurologic disease subtypes did not significantly associate with

196 increased AD, potentially because we were underpowered to detect risk associations for these
197  particular subtypes (Table S2).

198 Several of the autoimmune disorder groups that were significantly associated with AD risk in
199 the UCSF data set were validated by the Stanford data set in one or both study designs.

200 Gastrointestinal (case-control OR = 2.5, 95% CI 1.5-4.2, corrected p = 1.6e-3; cohort OR = 2.0,
201 95% CI 1.4-3.0, corrected p = 1.1e-3, Fig 3B), endocrine (cohort OR = 1.9, 95% CI 1.3-2.6,

202  corrected p = 1.4e-3, Fig 3B), musculoskeletal (case-control OR = 1.7, 95% CI 1.3-2.3,

203 corrected p = 1.6e-3; cohort OR = 1.5, 95% CI 1.2-1.8, corrected p=1.0e-3, Fig 3B), and

204  dermatologic (case-control OR = 2.9, 95% CI 1.8-4.7, corrected p=1.7e-5; cohort OR = 1.6, 95%
205 Cl1.2-2.2, corrected p = 2.6e-2, Fig 3B) disorders all conferred significantly more AD risk in
206 autoimmune patients compared to non-autoimmune controls in the Stanford EHR system.

207 Next, we investigated if specific autoimmune disorders were driving the larger subtype and
208 overall risk associations to determine if particular disorders were greater risk factors than others.

209  Within the gastrointestinal category, inflammatory bowel disease was consistently associated
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210  with AD risk across UCSF (case-control OR = 5.0, 95% CI 2.1-12.9, corrected p=4.7e-4; cohort
211 OR =2.1,95% CI 1.1-4.0, corrected p=0.050, Fig 3B, S3) and Stanford (case-control OR = 4.0,
212 95% Cl 2.1-7.9, corrected p = 3.7e-5; cohort OR = 2.3, 95% CI 1.4-3.7, corrected p = 1.1e-3,
213  Fig 3B, S3) study groups. Other disorders that conferred increased AD risk in at least two study
214  groups across data sets included autoimmune thyroiditis, type 1 diabetes, and rheumatoid

215  arthritis. Autoimmune thyroiditis, in the endocrine category, exhibited an odds ratio of 3.0 (95%
216  Cl 1.4-6.4, corrected p = 9.0e-3, Fig 3B, S3) in the case-control study group and 2.3 (95% CI
217 1.4-4.1, corrected p = 4.2e-3, Fig 3B, S3) in the cohort study group at UCSF, in addition to

218 being arisk factor in the cohort study group of the Stanford data set (OR = 2.4, 95% CI 1.3-4.7,
219 corrected p = 1.1e-2, Fig 3B, S3). Also in the endocrine category, type 1 diabetes was

220  significantly associated with increased AD risk in the UCSF case-control study group (OR = 2.8,
221 95% CI 1.6-4.9, corrected p=8.6e-4, Fig 3B, S3) while also associating with nominally significant
222  risk in the UCSF cohort study group (OR = 1.6, 95% CI 1.1-2.4, uncorrected p=0.02, Fig 3B,
223  S3). Furthermore, type 1 diabetes was a significant AD risk factor in the Stanford cohort study
224  group (OR =1.8, 95% CI 1.2-2.7, corrected p=2.4e-2, Fig 3B, S3).

225 Validated drivers of risk like autoimmune thyroiditis and type 1 diabetes highlight a potential
226 link between immune-mediated endocrine dysfunction and later AD pathogenesis. In addition to
227  endocrine disorders, rheumatoid arthritis was the primary disease that conferred risk in the

228  musculoskeletal disease category, and it was a significant risk factor in both UCSF study groups
229  (case-control OR = 2.2, 95% CI 1.3-3.7, corrected p=1.1e-2; cohort OR = 2.1, 95% CI 1.4-3.2,
230 corrected p=8.8e-4, Fig 3B, S3) as well as in the Stanford cohort study group (OR = 1.4, 95% CI
231 1.1-1.9, corrected p = 3.9e-2, Fig 3B, S3), with nominal significance in the Stanford case-control
232  study group (OR =1.5, 95% CI 1.0-2.3, uncorrected p = 2.9e-2, Fig 3B, S3).

233

234  ADrrisk from disease subtypes exhibits variable sex-specific effects
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235  Next, we stratified the disease subtype and individual disease analyses by sex to determine if
236  any particular risk association was driven more by one sex compared to the other. Some

237  disease subtypes were fairly constant in exhibiting what appeared to be sex-specific risk

238  signals. For example, the endocrine category of disorders was predominantly significant among
239  women, exhibiting a significant AD risk effect in the female UCSF study groups (case-control
240 OR=2.7,95% CI 1.6-4.7, corrected p = 8.4e-4; cohort OR = 1.8, 95% CI 1.3-2.7, corrected p =
241 8.7e-3, Fig S2) and the female Stanford cohort study group (cohort OR = 1.8, 95% CI 1.2-2.8,
242  corrected p = 0.04). In the dermatologic category, male-specific AD risk was higher than that of
243 the female-specific comparison in the majority of study groups. In the UCSF cohort study group,
244  men with dermatologic autoimmune disorders exhibited an odds ratio of 1.5 (95% CI 1.4-9.3,
245  corrected p=0.04, Fig S2), while women exhibited an odds ratio of 2.0 that was insignificant
246  after multiple testing correction (95% CI 1.1-3.8, corrected p=0.20, Fig S2). Similarly, in both
247  Stanford study groups, men with dermatologic autoimmune disorders were at greater AD risk
248 than controls (case-control OR = 7.8, 95% CI 3.4-18.5, corrected p=4.3e-7; cohort OR = 2.6,
249  95% CI 1.5-4.7, corrected p=1.9e-3, Fig S2) compared to women (case-control OR = 1.6, 95%
250 CI10.9-3.0, corrected p = 0.94; cohort OR = 1.2, 95% CI 0.8-1.8, corrected p = 3.5, Fig S2).

251 Interestingly, in the case-control study group at UCSF, we also observed increased female-
252  specific AD risk conferred by dermatologic autoimmune disorders (OR = 6.4, 95% CIl 2.4-18.3,
253  corrected p=4.4e-4, Fig S2), perhaps indicating variable sex-specific effects for this category of
254  diseases. Similarly, we observed strong female-specific AD risk conferred by gastrointestinal
255  conditions in our discovery data set (case-control OR = 11.8, 95% CI 4.2-37.1, corrected

256  p=1.0e-6; cohort OR = 2.9, 95% CI 1.5-6.0, corrected p=6.5e-3, Fig S2), only to detect strong
257  male-specific AD risk from these conditions in our validation data set (case-control OR = 3.4,
258 95% CI 1.4-8.5, corrected p=4.0e-2; cohort OR = 3.3, 95% CI 1.6-7.5, corrected p=4.8e-3, Fig
259  S2). These findings warrant more investigation into the factors influencing the direction of sex-

260  spedcificity for these disorder classes.

10
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261 Clear sex-specific differences in the risk conferred by individual autoimmune disorders were
262  harder to elucidate given a lack of power after stratifying by both sex and disorder (Table S2).
263  We nonetheless were able to identify significant female-specific AD risk conferred by

264  autoimmune thyroiditis in the cohort study groups of our two data sets (UCSF cohort OR = 2.4,
265 95% CI 1.3-4.5, corrected p=1.5e-2; Stanford cohort OR = 2.5, 95% CI 1.2-5.4, corrected

266 p=3.le-2, Fig S4), likely driving the female-specific risk in the endocrine category of diseases.
267  Several other diseases increased AD risk significantly across some study groups, but not across
268  others (Fig S4) or exhibited different directions of sex-specific effects across study groups (Fig
269  S4). This again highlights the need for more studies of sex differences in the interaction

270  between the autoimmunity and AD in the future.

271

272  Sensitivity Analyses

273  We performed several sensitivity analyses to address the potential presence of confounders in
274  EHR data and test the robustness of the risk associations we identified. The sensitivity analyses
275  were performed in the discovery data set alone, as we wanted to verify the risk associations we
276  saw in the smaller UCSF study groups before performing further validations in the Stanford

277  study groups. Our first sensitivity analysis was to implement an age cutoff in our study designs
278  to quantify AD risk due to autoimmunity in two older sub-populations of individuals. The first

279  cutoff only included individuals in the study groups that had reached an age of 65 years or older.
280  When comparing autoimmune patients to non-autoimmune controls in this >65 data set, we

281 observed an AD odds ratio of 1.6 (95% CI 1.4-2.0, p=9.7e-9) in the case-control study group
282 and 2.0 (95% CI 1.6-2.4, p=1.7e-14) in the cohort study group (Table S3). Raising the cutoff to
283 80 years of age or older also resulted in a strong AD risk association with autoimmune disorders
284 (case-control OR = 1.7, 95% CI 1.4-2.2, p=1.7e-6; cohort OR = 2.4, 95% CI 1.8-3.1, p=1.8e-12,
285 Table S3), indicating that our signal was robust to the age range of patients in our discovery

286 data set.

11


https://doi.org/10.1101/2024.05.02.24306649
http://creativecommons.org/licenses/by-nc/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.05.02.24306649; this version posted May 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

287 Next we performed a sensitivity analysis to address possible confounder and collider
288 effects that healthcare utilization can cause in EHR systems, since these effects can exaggerate
289  or attenuate differences between exposure and outcome groups. In addition to matching on

290 demographic variables (see Methods), we matched individuals based on the similarity of the
291 length of time between their first and last hospital visit date. After conducting this matching and
292  recomputing odds ratios in each study group, autoimmune disorders still associated with

293  increased risk for AD (case-control OR =1.3, 95% CI 1.1-1.5, p = 6.0e-3; cohort OR = 1.4, 95%
294 Cl1.2-1.7, p =5.2e-6, Table S3). Matching on each patient’s frequency of visits per year also
295 resulted in consistent increased risk associations between autoimmune disorders and AD (case-
296  control OR =1.3,95% CI 1.1-1.6, p = 3.7e-4; cohort OR = 1.5, 95% CI 1.3-1.7, p = 2.0e-6,

297  Table S3), highlighting the connection between autoimmunity and AD at the clinical level even
298  when adjusting for different healthcare utilization measures.

299 In the final sensitivity analysis, we recomputed odds ratios in each study group without
300 including age at death as a variable in matching, to verify that leaving it out of the matching

301 criteria did not significantly alter results (see Matching and Finalization of Study Groups in

302  Methods). This resulted in an AD odds ratio of 1.3 (95% CI 1.1-1.5, p = 7.1e-4) in the case-

303  control study group and 2.1 (95% CI 1.8-2.5, p = 4.7e-17) in the cohort study group (Table S3),
304 indicating that leaving total lifespan information out of the matching criteria preserves risk signal.
305  Several disease subtypes and individual disease associations seen in the main UCSF analysis
306  were present in many, if not all, of these sensitivity conditions, including the increased AD risk
307 due to endocrine, gastrointestinal, and musculoskeletal disorders driven by inflammatory bowel
308 disease, type 1 diabetes, autoimmune thyroiditis, and rheumatoid arthritis (Table S3).

309

310 Sex, but not autoimmunity, associates with accelerated AD onset over time

311 In addition to examining the presence or absence of AD in autoimmunity patients through our

312  risk analyses, we also tested whether autoimmune disorders influence the timing of AD onset.
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313  We hypothesized that autoimmune disorders would decrease the age at which people are

314  diagnosed with AD, potentially due to the early presence of chronic inflammation that

315 autoimmune disorders bring about. We constructed new longitudinal cohorts for this analysis
316  consisting only of AD patients with and without autoimmune disorders. This resulted in 292

317 autoimmune patients with 292 matched controls at UCSF (N = 584 total AD patients, Fig 4A),
318 and 392 autoimmune patients with 392 matched controls at Stanford (N = 784 total AD patients,
319  Fig 4A). We first compared the distributions of AD diagnosis age among patients. In the UCSF
320 longitudinal cohort, the average age at which autoimmune patients were diagnosed with AD was
321 75.6 years, compared to the controls at 76.5 years (Fig S5A). In the Stanford longitudinal

322  cohort, the average AD diagnosis age was 81.8 years in autoimmune patients compared to 82.4
323  yearsin controls (Fig S5A). While the AD diagnosis age was lower in autoimmune patients in
324  each data set, the differences between age distributions were not significant in either case

325 (UCSF p =0.11, Stanford p = 0.17, Fig S5A), likely because of relatively small sample size

326 (Table S2). The 0.6- to 1-year difference in diagnosis age we observed is nonetheless striking,
327  given the often rapid symptomatic decline (21) of individuals with AD. Even being diagnosed
328  with AD half a year earlier could be extremely impactful for patients and their quality of life.

329 We also observed differences in AD onset age when we stratified individuals both by sex and
330 autoimmune disorder. Starting in the UCSF longitudinal cohort, women with autoimmune

331 disorders exhibited significantly younger AD onset ages (mean 75.0 years, Fig 4B) compared to
332  men with autoimmune disorders (mean 76.7 years, p = 0.017, Fig 4B). Similarly, control women
333  exhibited significantly younger AD onset ages (mean 76.0 years, Fig 4B) compared to control
334 men (mean 77.7 years, p = 0.011, Fig 4B). Comparing autoimmune patients to matched

335  controls within each sex did not reveal younger onset ages (female p = 0.19, male p = 0.28, Fig
336 4B), likely indicating that sex plays a larger role in the timing of AD onset. Results from the

337  Stanford longitudinal cohort all agreed directionally with the UCSF results, however with

338 insignificant results (Fig 4B).
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339 Finally, we performed a survival analysis to determine if the risk of developing AD in different
340 stratifications varied over time. We used a Cox proportional hazard model for the analysis with
341  sex and autoimmunity presence as covariates. Having an autoimmune disorder did not

342  significantly alter the hazard of individuals developing AD over time (UCSF Hazard Ratio (HR) =
343 1.1,95% CI 1.0-1.3, p = 0.16; Stanford HR = 1.0, 95% CI1 0.9-1.2, p = 0.5, Fig S5B),

344  corroborating the results from the distributional analysis. The hazard effects of sex were unclear
345  given disagreement between UCSF and Stanford data sets. Being male in the UCSF

346 longitudinal cohort trended toward being protective (HR = 0.85, 95% CI 0.7-1.0, p = 0.064, Fig
347  S5B), while in the Stanford longitudinal cohort it was significantly associated with risk of

348  developing AD earlier (HR = 1.2, 95% CI 1.0-1.4, p = 0.02, Fig S5B). Better powered analyses
349 into sex as an influential variable in the timing of AD onset are needed to resolve this mismatch.
350

351 Discussion

352  We have shown that autoimmune disorders are associated with increased risk of being

353 diagnosed with AD in case-control and cohort study designs across two different EHR systems,
354  suggesting that autoimmunity is a significant risk factor for AD. We observed a clear and strong
355 increased risk signal in our study groups, both overall and in female- and male-specific subsets
356  of our data, indicating that autoimmunity increases AD risk regardless of sex. Interestingly, in
357  our AD prevalence analysis, women with autoimmune disorders exhibited increased AD

358 prevalence compared to men with autoimmune disorders, indicating that both autoimmunity and
359  sex play crucial roles in AD risk.

360 We observed specific subtypes of autoimmune disorders that conferred AD risk in patients.
361  These particular classes of disorders suggest the presence of shared pathophysiology between
362  particular autoimmunity subtypes and AD. For example, metabolic dysfunction has been

363 highlighted in previous AD pathogenesis studies (22), so it is possible that metabolic pathways
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364 exist that link endocrine autoimmune disorders, which greatly affect metabolism, and AD

365  pathogenesis. Similarly, there have been documented links between changes in the gut-brain
366  axis (23) and microbiome (24) that are associated with AD in previous work, which could relate
367  AD pathogenesis to pathways involved in gastrointestinal autoimmune disorders. Depending on
368 the autoimmune disorder subtype and individual autoimmune disorders we analyzed, we also
369  observed some sex-specific risk associations, highlighting that autoimmune disorders that fall
370 under the category of certain physiological systems may manifest differently in women

371 compared to men. This can provide more insight into the specific mechanisms that may go awry
372  to cause or exacerbate AD in particular sexes.

373 Our findings validate and provide new insights on previous work. Recently, Miller et al. (25)
374  found increased prevalence of inflammatory bowel disease in a small cohort of late-onset AD
375 cases which we have validated in much larger clinical data sets. Furthermore, a study of the
376  Swedish National Patient Register (26) highlighted increased incidence rates of several

377  autoimmune disorders including hypothyroidism/thyroiditis, type 1 diabetes, Addison’s disease,
378  Sjogren’s syndrome, and pernicious anemia in dementia patients. We were able to corroborate
379  several of these signals with our analysis; we also found type 1 diabetes and a form of

380 thyroiditis as significant modifiers of risk. We further built upon these findings by analyzing

381 disease subtypes to identify particular physiological systems that may be more involved in AD
382  pathogenesis, and we conducted extensive age of onset and sex-specific analyses to robustly
383 characterize AD risk in autoimmune individuals. Finally, a recent study (27) in individuals of the
384 UK Biobank indicated increased hazard ratios for four major autoimmune disorders (rheumatoid
385  arthritis, multiple sclerosis, psoriasis, and inflammatory bowel disease) in a longitudinal cohort.
386  Our results expand on this study by investigating several more autoimmune disorders and sex
387 as a biological variable in the risk analyses. Compared to the individuals in the UK Biobank and

388  Swedish studies, our population of patients was also more diverse, suggesting generalizability
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389  of the increased risk association between autoimmune disorders and AD across diverse

390 populations of humans.

391 By using two different study designs (case-control and cohort) in both a discovery and
392 validation data set in all of our analyses, we were further able to show robust associations while
393 combating common problems of selection bias (28), data inaccuracies (29), and confounding
394  that can be common in EHR studies. Our workflow can be further applied not only to

395 autoimmune disorders and their risk relationship to other neurological diseases, but to any two
396 disease types of interest that can be captured in an EHR data system.

397 The current study has several limitations that should be considered when evaluating our

398 results. First, the groupings used for the disease subtype analysis are imperfect. Since the exact
399 underlying mechanism of many of the autoimmune disorders we investigated remains unknown,
400 grouping by physiological system enabled us to study these diseases in aggregate, but it

401 reflects only one dimension along which each autoimmune disorder is related to the others.

402  Another caveat is the presence of censored death information in the validation data set. This
403  may have resulted in the incorporation of younger patients in the Stanford study groups who
404  had yet to develop either AD or a later-onset autoimmune disorder, and as such, this may have
405 deflated the odds ratios in the Stanford study groups. It is possible that this led to less

406  agreement in risk associations between UCSF and Stanford particularly for the subtype and
407  individual disorder analyses. While we matched individuals based on lifespan and/or birth year
408  within each of our study groups, future work could include age-matching between discovery and
409 validation data sets to enhance similarity of comparisons even further. Finally, the stratified

410 analyses we conducted were less likely to yield consistent significant results across sites and
411 study designs. Much of this was likely the result of reduced power due to the small sample sizes
412  inthe stratified cohorts. This also occasionally yielded very high odds ratios and large

413  confidence intervals in our analyses. Nonetheless, many of these analyses highlight promising

414  specific hypotheses for further validation and molecular characterization.
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415 In summary, autoimmune disorders are strong risk factors for AD that act across sexes. This
416  study illustrates the usefulness of EHRs for cross-trait analyses, and it also informs further
417  mechanistic hypotheses about the exact molecular interfaces that may go awry in the interaction
418  of the immune and nervous systems to promote AD pathogenesis. Further risk factor analyses
419  for debilitating neurological conditions such as AD will empower clinicians to inform patients of
420  their risk profiles for different diseases. Ultimately, deeper understanding of these connections
421 between risk and disease can empower patients themselves to make lifestyle changes or take
422  relevant treatments that can help avoid or delay disease. Our results highlight several future
423  directions for further understanding of the risk relationship between autoimmune disorders and
424  AD. First, quantifying how AD risk varies based on differing levels of autoimmune disorder

425  severity and duration is needed. We hypothesize that more severe forms of autoimmune

426  disorders may confer the most AD risk, and perhaps treatments to alleviate more severe

427  disorders may decrease risk. Additionally, taking into account the chronic nature and onset age
428  of many autoimmune disorders may shed more light on the temporal dynamics of the two traits
429 interacting throughout the lifespan. Finally, integrating clinical risk analyses with other data
430 modalities, such as genetics or proteomics will provide more molecular insight into the link

431 between AD and autoimmune disorders and help to fully elucidate the basis for the strong risk
432  seen at the phenotypic level in human populations.

433

434  Methods

435  Sex as a Biological Variable

436  We accounted for sex as a biological variable by performing all analyses in female- and male-
437  specific subsets of our original study groups. This allowed us to test if any risk associations
438  differed by sex, and if particular autoimmunity subtypes or individual disorders were driving AD

439  risk in a particular sex. We filtered out individuals with an unknown sex from our UCSF study
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440  groups. Due to differences in encoding sex within the UCSF and Stanford EHR systems, there
441  were a small number of individuals (0.02% of the total) with an unknown sex that were included
442  in the Stanford cohort data set. These individuals were not included in any sex-specific

443  analyses.

444

445  Study Group Identification

446  Autoimmune Disorder, Alzheimer’s Disease, and Healthy Control Patient Identification

447  We identified 26 autoimmune disorders of interest (Table S1) for our study based on prior

448 literature and prevalence in the general population. Individuals with each autoimmune disorder
449  were identified by string-matching autoimmune disorder names (Table S4) with billing concepts.
450  Concepts were subsequently standardized for use in the UCSF EHR database (30) which is
451 based on the Observational Medical Outcomes Partnership (OMOP) Common Data Model
452  (CDM) and primarily uses Systemized Nomenclature of Medicine (SNOMED) concept

453  encodings. All standardized billing concepts were examined by UCSF rheumatologists to

454  confirm validity and relevance of each concept to each autoimmune disorder of interest. We
455  compiled a final list of 878 autoimmune billing concepts (Table S5). We identified patients who
456  had these concepts present in their UCSF medical record to construct our discovery data set,
457  and used identical concepts to identify patients from the Stanford EHR database for our

458  validation data set. We identified patients with AD in a similar manner to autoimmune disorder
459  patients after string-matching AD terms to concepts (Table S6) and checking for billing concept
460  occurrence in each patient record in the UCSF and Stanford systems. We only included AD
461 billing concepts related to late-onset or sporadic AD, as early-onset AD is thought to have

462  distinct etiology and stronger genetic components (31). Additional demographic data from the
463  UCSF and Stanford EHR systems was collected on patients including date of birth, date of

464  death (if available), self-reported race, self-reported ethnicity, and sex. We also gathered
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465 healthcare utilization statistics on patients, including number of doctor’s visits, total number of
466  unique diagnoses, and first and last medical visit date.

467 We identified healthy control individuals without autoimmune disorders to compare to the
468  autoimmune patient groups from the UCSF and Stanford databases. To do this, we searched
469  for patients without any of the 878 finalized autoimmune disorder billing concepts present in
470  their records, and we additionally removed individuals from the healthy control group who had
471 concepts that were similar to any of the 878 finalized autoimmune concepts. For example, an
472  individual who had the billing concept “family history of Celiac disease” in their EHR but did not
473  have a more specific Celiac disease billing concept identifying a personal diagnosis of Celiac
474  disease would have been excluded. Similarly, several billing concepts that were too general to
475  pertain specifically to an autoimmune disorder (e.g. kidney disease) but that represented a
476  serious condition were excluded from the healthy controls. For our cohort study design, we
477  matched the healthy controls to autoimmune disorder patients based on criteria further

478  described in the Matching and Finalization of Study Groups section of the Methods.

479 To identify a population of non-AD healthy controls to compare to our AD patient group, we
480  searched for patients without any AD billing concepts in their records and matched them with
481 AD cases based on demographic factors. To clarify some terminology, the control individuals
482  that were matched to autoimmune disorder cases will be referred to as the “non-autoimmune
483  controls” going forward, whereas the control individuals that were matched to AD cases will be
484  referred to as the “non-AD controls”. These are two separate groups of controls, but they may
485  have overlap in individuals as someone without both an autoimmune disorder and AD might be
486  in both control groups. Additionally, someone in one of the disease groups may be in a control
487  group for the other disease. For example, an AD patient might show up in the non-autoimmune
488  control group, since the requirement to be in that group is not having an autoimmune disorder.

489 Data Cleaning and Quality Control
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490  Our data cleaning pipeline involved several steps. First, we performed quality control to remove
491 any individuals with missing demographic information in the self-reported race, self-reported
492  ethnicity, sex, and birth year categories from consideration for our disease and healthy control
493  groups in the UCSF data set. Due to differences in encoding some of this demographic

494 information between UCSF and Stanford EHR systems, a small number of individuals with

495  unknown demographic values were included in the Stanford data set (see Sex as a Biological
496  Variable), but each individual with an “unknown” demographic field was similarly matched with
497  another Stanford individual with an “unknown” value, removing any issues comparing people
498  without matching information. In the UCSF study groups, we also required individuals to have a
499 valid reported age at death, as this allowed us to compare individuals by total lifespan. We

500 restricted individuals to be between 30 and 90 years of age at their death in these groups. In the
501 Stanford study groups, there was a greater degree of censored death information such that
502 including lifespan information in matching would have extremely limited our study group sizes,
503 so we did not enforce this constraint. We verified that leaving out lifespan as a matching

504 variable in the Stanford groups did not significantly alter overall risk signals, so we felt confident
505 leaving it out of our validation study group criteria (See Sensitivity Analyses in Results). It is
506 likely that, because of censored data being included in the Stanford data sets, the increased risk
507  associations we saw in our analyses would be even stronger in real life (see Discussion). In
508 addition to quality control on demographics, we also removed individuals who had zero hospital
509 visits or whose first and last visit dates were the same.

510 We next determined 1) who in the autoimmune disorder patient groups and corresponding
511 non-autoimmune control groups had an AD diagnosis, and 2) who in the AD patient groups and
512  corresponding non-AD control groups had an autoimmune disorder diagnosis. Within our

513 autoimmune/AD disease groups and respective healthy control groups, different individuals
514  were demarcated with their assigned “person ID” following OMOP conventions. We then

515  determined which person IDs of one group overlapped with the person IDs of another group.

20


https://doi.org/10.1101/2024.05.02.24306649
http://creativecommons.org/licenses/by-nc/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.05.02.24306649; this version posted May 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

516  For example, to discover which autoimmune patients and non-autoimmune controls had an AD
517  diagnosis, we determined which of the person IDs of our AD patient group overlapped with the
518 person IDs of the autoimmune and non-autoimmune groups. In a similar manner, we

519  determined which AD patients and which non-AD controls had an autoimmune diagnosis by
520 overlapping the person IDs of our autoimmune patient group with the AD and non-AD person
521 IDs.

522 We also identified the relative dates of AD and autoimmunity diagnoses for patients. To

523  focus on the effect of autoimmunity on AD, we did not consider individuals who had an AD

524  diagnosis prior to their autoimmune disorder diagnosis. Specifically in the UCSF data set, we
525  computed several metrics for each individual to aid the matching of autoimmune or AD patients
526  to their respective controls when performing different sensitivity analyses. These metrics

527 included each individual’'s age when they died, the total length of the UCSF EHR record (last
528  visit date - first visit date), and the frequency of doctor’s visits per year

529 To understand which autoimmune disorder subtypes might be driving AD risk, we grouped
530 the 26 autoimmune disorders of interest into 8 distinct subtype categories (Table S1 and Fig 3A)
531 and assigned patients into categories based on which autoimmune disorder(s) they had. If a
532  patient had multiple autoimmune disorders (UCSF N = 2,378 patients, Stanford N = 37,332
533  patients) across different subtype categories, they were counted once within each subtype risk
534  association analysis, and therefore could be represented in more than one analysis.

535 Study Designs, Matching, and Finalization of Study Groups

536 To mitigate selection bias and ensure robustness of results, we examined the risk of receiving
537 an AD diagnosis following an autoimmune disorder diagnosis using two study designs in each of
538 our EHR data sets: a retrospective case-control study with AD patients and non-AD matched
539 controls, and a retrospective cohort study with autoimmune disorder patients and non-

540 autoimmune matched controls. We performed 1:1 matching of patients to controls for each

541 study group using propensity scoring on each individual’s birth year, sex, self-reported race, and
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542  self-reported ethnicity. We also matched on lifespan in the UCSF study groups (See Data

543 Cleaning). We enforced exact matches between patients and controls in the categories of sex,
544  self-reported race, and self-reported ethnicity. In our main analysis and throughout follow-up
545  sensitivity analyses, we ensured high-quality matching by verifying that the average absolute
546  standardized mean error between each matched pair was less than 0.1. We conducted final
547  quality control in both study groups of our main and sensitivity analyses by removing any

548  matched pairs of individuals where a control individual was diagnosed with AD prior to the

549  matched disease case being diagnosed with an autoimmune disorder. All matching was

550 performed using the nearest neighbor method of the Matchlt package (4.5.3) in R. After

551 matching and cleaning, we were left with four “study groups”: a case-control and cohort study
552  group from UCSF, and a case-control and cohort study group from Stanford.

553

554  AD Risk Analysis in Case-Control and Cohort Study Groups

555  In order to enable comparison across the different study designs, we computed odds ratios to
556  quantify the risk of being diagnosed with AD in autoimmune disorder patients compared to non-
557  autoimmune controls. Across each of the study groups, we computed odds ratios at three

558 levels: 1) across all autoimmune disorders combined, 2) across autoimmunity subtypes, and 3)
559  across individual autoimmune disorders. At each of these three levels, we repeated the analysis
560 in a sex-stratified manner to explore if risk was sex-specific. All odds ratios were computed
561 using a Fisher exact test on contingency tables of AD/autoimmunity patients, and we used the
562  oddsratio.fisher function of the epitools package (version 0.5-10.1) in R to compute these

563  statistics.

564 To account for multiple hypothesis testing, we used Bonferroni corrections for each odds
565 ratio analysis. For the disease subtype risk analysis, we corrected p-values within each overall
566  or sex stratification group (e.g., a correction factor of 8 for the 8 disease subtype comparisons).

567  For the specific disorder risk analysis, we performed a within-disorder-subtype p-value

22


https://doi.org/10.1101/2024.05.02.24306649
http://creativecommons.org/licenses/by-nc/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.05.02.24306649; this version posted May 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

568 correction, to evaluate which specific conditions within an autoimmune disorder subtype group
569  had significant subtype effects. This meant the correction factor for a particular disorder

570 comparison was determined by the number of conditions within that particular disorder’s

571 subtype category (e.g., p-values for each autoimmune disorder in the endocrine subgroup were
572  corrected by a factor of 4, due to the endocrine subgroup being comprised of 4 diseases).

573

574  AD Prevalence Calculations in Cohort Study Groups

575  We calculated the prevalence of AD in patients with autoimmune disorders compared to

576  matched controls in a sex-stratified manner. To ensure that a difference in prevalence was not
577  due to underlying demographic differences between female and male individuals, we took the
578  cohort study groups across UCSF and Stanford and matched the smaller sample size of male
579 individuals to female individuals based on birth year, self-reported race, and self-reported

580 ethnicity, while matching additionally on lifespan in the UCSF study groups. Again, we used
581 exact matching on self-reported race and self-reported ethnicity while using propensity score
582  matching on the remaining variables. We then calculated the percentage of people with AD in
583 each stratification: female individuals with autoimmune disorders, male individuals with

584 autoimmune disorders, female non-autoimmune control individuals, and male non-autoimmune
585 control individuals. To obtain a 95% confidence interval for each prevalence statistic, we

586  bootstrapped the data 1,000 times. We again used a Fisher’s exact test to compute significance
587  of prevalence differences among stratifications.

588

589 Longitudinal AD Onset Analysis

590 To understand the effect of autoimmunity on the risk of AD diagnosis over time, we conducted a
591 longitudinal age of onset analysis. For this, we constructed new longitudinal study groups from
592 the UCSF and Stanford EHR systems consisting of individuals with both an autoimmune

593 disorder and AD from our cohort study designs. These longitudinal cohorts also passed our data
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594  quality control pipeline. We matched the autoimmunity patients with AD to non-autoimmune
595 individuals with AD from the larger UCSF and Stanford background databases. The same

596 variables used in matching for the main odds ratio analysis were also used here. The age of AD
597 onset for each individual in each longitudinal study group was then calculated by taking the
598 difference in time between a person’s birth year and the first appearance of an AD billing

599  conceptin the person’s medical record. The Mann—Whitney U test and Cox proportional hazard
600 modeling conducted in these study groups was performed using the stats (v4.1.3) and

601 survival/survminer (v3.5-5/0.4.9) packages, respectively, in R.

602

603  Statistics

604  We used Fisher’s exact test for all odds ratio calculations and for comparisons in our AD

605 prevalence analysis. We also used a Mann-Whitney U test for a non-parametric comparison of
606  distributions in our longitudinal AD onset analysis. Bonferroni corrections were applied to p

607  values throughout this study; these are denoted by the use of “corrected” or “adjusted” p values.
608

609  Study Approval

610  All analysis of University of California, San Francisco and Stanford University electronic health
611 record data was performed under the approval of the Institutional Review Boards from

612  University of California, San Francisco and Stanford University, respectively. All clinical data
613  were de-identified and written informed consent was waived by the institutions.

614

615  Data Availability

616 Individual patient data is not publicly available due to patient data sharing privacy. Code not
617 limited by patient data sharing permissions can be found at

618  https://github.com/gramey02/AD_AID_Project. All patient and demographic data curation from

619 the UCSF and Stanford EHR systems was performed using Microsoft SQL server and the DBI
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620 (v1.1.3) and odbc (1.3.4) packages in R. Discovery data was last curated from the UCSF OMOP
621 database on August 4th, 2023, and validation data was last curated from the Stanford OMOP
622  database on December 12th, 2023. Data cleaning, matching, and analysis steps were

623  conducted using R version 4.1.3, and plots were created with the ggplot2 package (v3.4.2).
624  Values for all data points in graphs are reported in the Supporting Data Values file.
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727 Figure 1. Risk analysis framework and observational study designs. We take a top-down hierarchical
728 approach to calculate AD risk in autoimmune disorder patients based on two large electronic health record
729 (EHR) data sets. We compute odds ratios to assess if any autoimmune disorder diagnosis, a particular
730 autoimmune subtype diagnosis, or a specific autoimmune disorder diagnosis increases AD risk. We used
731 both a case-control and cohort study design to ensure robustness and reduce biases. For the case-control
732 study design, we first identified patients with the outcome of interest (an AD diagnosis, red) and then
733 determined which of the AD patients also had an autoimmune diagnosis (blue). We matched the AD
734 patients to non-AD controls using propensity score matching and gathered information on other
735 demographic variables for cases and controls. For the cohort study design, we identified patients with the
736 exposure first (an autoimmunity diagnosis, blue) and determined which of the exposed patients also had
737 an AD diagnosis (red). Demographic information was extracted and propensity score matching was used
738 to match autoimmune cases to non-autoimmune controls. We used these study structures to analyze data
739  from both the UCSF (discovery) and Stanford (validation) EHR databases. Dx = diagnosis

29


https://doi.org/10.1101/2024.05.02.24306649
http://creativecommons.org/licenses/by-nc/4.0/

740
741

742
743
744
745
746
747
748
749
750

medRxiv preprint doi: https://doi.org/10.1101/2024.05.02.24306649; this version posted May 4, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC 4.0 International license .

A Overall AD Risk Conferred by Autoimmunity Overall AD Risk Conferred by Autoimmunity
in UCSF Study Groups in Stanford Study Groups
25 i 2.5
=
O
s“: *kk
@ 20 2.0 dkk
e
-‘(—6 *kk
[0
w)
© 15 1.5
8 | ] ®
o
< Overall Overall
10F———mmmmmmmmmmmmmm——— = K e
Case-Control Cohort Case-Control Cohort
N=7812 N = 27,630 N =13,292 N = 260,516
B Sex-stratified AD Risk Sex-stratified AD Risk
Conferred by Autoimmunity (UCSF) Conferred by Autoimmunity (Stanford)
Case-Control (N =7,812) Case-Control (N = 13,292)
T T
1 I
Male Subset{ * i Male Subset{ . o
H N=2980| , .»‘iN =5006
Female Subset : —— *** Female Subset{ : . e B
N=4382| | N=8286 |
Cohort (N = 27,630) Cohort (N = 260,516)
Male Subset{ : [ - il Male Subset : L > 4 ***
"In\'N =11,642| | MN=91486 |
Female Subset+ : —— | Female Subset1 : —— ***
N=15988 N=169,030
1 2 3 1 2 3
AD Odds Ratio (35% Cl) AD Odds Ratio (95% Cl)
C .
ek —— ok
= \ \ R 075 | I
o~ ke ~
Y [ | 3 ' '
8 a ek e N.S.
c (| o 1
Q@ ©
] § 0.50
> £ e
6__ *hk M
o
(] 2 (| by
< °
L 5 0.25
a =
T
- 0
0 0.00
Autoimmune Control Autoimmune Control
adjusted pvalue: *=p<005 *=p=<001  *= =p=<0.001 Sex [] remaie [ male

Figure 2. Autoimmune disorders are associated with increased AD risk across study designs and
EHR data sets. A) Odds ratios quantifying AD risk in autoimmune patients versus non-autoimmune
controls. We observed increased odds of AD across both the UCSF (left) and Stanford (right) data sets,
and across case-control and cohort study groups within each data set, robustly highlighting greater AD risk
conferred by autoimmunity. B) AD risk in the female- and male-only subsets of each data set. Increased AD
risk was present in both sexes in each data set. C) AD prevalence calculated in the cohort study designs in
different sex and disorder strata. Confidence intervals were obtained by bootstrapping the data. AD
prevalence was higher in women with autoimmune disorders compared to all other groups in both the UCSF
(left) and Stanford (right) data.
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753 Figure 3. Specific autoimmune disorder subtypes and individual diseases associate with
754 increased AD risk. A) Individual autoimmune disorders can be grouped into subtypes based on
755 physiological symptomatology. We used eight subtype groups in our analysis. B) Odds ratios
756 quantifying AD risk in patients with different autoimmune disorder subtypes and specific autoimmune
757 disorders compared to controls. Disorder subtypes are in bold, and the specific disorders that fall into
758 each subtype category are listed below. Only individual autoimmune disorders that were statistically
759 significant are pictured. The larger and darker the circle is, the greater the effect size and significance
760 of the odds ratio, respectively. N.S. = Not Significant after multiple testing correction
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762
763 Figure 4. AD onset is accelerated in women, with potential acceleration

764  from autoimmune disorders. A) Study design for the longitudinal AD onset
765 analysis, conducted using data from the UCSF and Stanford EHR data sets.
766 B) Distributions of AD diagnosis age among individuals with and without
767  autoimmune diseases in the longitudinal cohorts, stratified by sex. Numbers
768 below stratifications are the mean age at diagnosis, and the black summary
769 lines highlight the mean and standard deviation of each distribution. Within
770 the autoimmune and control subgroups, women were diagnosed with AD at
771 a younger age than men, indicating that sex plays a large role in the age of

772 AD onset.
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773 Tables

774  Table 1. UCSF and Stanford Study Group Demographics
775

UCSF Stanford
Case-Control Study Design Case-Control Study Design
Non-AD Controls  AD Patients  p value = SMD Non-AD Controls  AD Patients p value SMD
N 3,908 3,906 N 6,646 6,646
Sex (%) 1 <0.001 |Sex (%) 1 <0.001
Female 2416 (61.9) 2416 (61.9) Female 4,143 (62.3) 4,143 (62.3)
Male 1,490 (38.1) 1,490 (38.1) Male 2,503 (37.7) 2,503 (37.7)
Unknown 0(0.0) 0(0.0) Unknown 0(0.0) 0(0.0)
Self-reported race (%) 1 <0.001 |Self-reported race (%) 1 <0.001
Asian 531 (13.6) 531(13.6) Asian 952 (14.3) 952 (14.3)
Black or African American 232(5.9) 232(5.9) Black or African American 315 (4.7) 315 (4.7)
Native American or Alaska Native 4(0.1) 4(0.1) Native American or Alaska Native 9(0.1) 9(0.1)
Native Hawaiian or Other Pacific Islander 174 (4.5) 174 (4.5) Native Hawaiian or Other Pacific Islander 39 (0.8) 39 (0.6)
White 2,634 (67.4) 2,634 (67.4) White 4,182 (62.9) 4,182 (62.9)
Other 331(8.5) 331(8.5) Other 813 (12.2) 813(122)
Unknown/Decline to State 0(0.0) 0(0.0) Unknown/Decline to State 336 (5.1) 336 (5.1)
Self-reported ethnicity (%) 1 <0.001 |Self-reported ethnicity (%) 1 <0.001
Not Hispanic or Latino 3,672 (94.0) 3,672 (94.0) Neot Hispanic or Latino 5,732 (86.2) 5,732 (86.2)
Hispanic or Latino 234 (6.0) 234 (6.0) Hispanic or Latino 503 (7.6) 503 (7.6)
Unknown/Decline to State 0(0.0) 0(0.0) Unknown/Decline to State 411 (6.2) 411 (6.2)
Birth year (mean (SD)) 1935.52 (5.93) 1935.52 (5.92) 1 <0.001 |Birth year (mean (SD)) 1934.53 (10.11)  1934.50 (10.07) 0.827 0.004
Lifespan, years (mean (SD)) 80.05 (6.74) 80.07 (6.73) 0.945  0.002 |Lifespan, years (mean(SD)) NA NA
Autoimmune disease status = True (%) 235 (6.0) 377(8.7) <0.001  0.136 disease status = True (%) 415 (6.2) 575 (8.7) <0.001 0.092
Cohort Study Design Cohort Study Design
Autoimmune Autoimmune
Non-acl\utollmrmne Disorder p value SMD Non-Autoimmune Disorder p value SMD
ontrols Controls
Patients Patients
N 13,815 13,815 N 130,258 130,258
Sex (%) 1 <0.001 |Sex = Male (%) 1 <0.001
Female 7,994 (57.9) 7,994 (57.9) Female 84,515 (64.9) 84,515 (64.9)
Male 5,821 (42.1) 5,821 (42.1) Male 45,717 (35.1) 45,717 (35.1)
Unknown/Decline to State 0(0.0) 0(0.0) Unknown/Decline to State 26 (0.0) 26 (0.0)
Self-reported race (%) 1 <0.001 |Self-reported race (%) 1 <0.001
Asian 1,241 (9.0) 1,241 (9.0) Asian 19,022 (14.8) 19,022 (14.6)
Black or African American 1,195 (8.7) 1,195 (8.7) Black or African American 5,036 (3.9) 5,036 (3.9)
Native American or Alaska Native 85 (0.6) 85 (0.6) Native American or Alaska Native 559 (0.4) 559 (0.4)
Native Hawaiian or Other Pacific Islander 541 (3.9) 541 (3.9) Native Hawaiian or Other Pacific Islander 1,087 (0.8) 1,087 (0.8)
White 8,916 (64.5) 8,916 (64.5) White 72,757 (55.9) 72,757 (55.9)
Other 1,837 (13.3) 1,837 (13.3) Other 22,111 (17.0) 22,111 (17.0)
Unknown/Decline to State 0(0.0) 0(0.0) Unknown/Decline to State 9,686 (7.4) 9,686 (7.4)
Self-reported ethnicity (%) 1 <0.001 |Self-reported ethnicity (%) 1 <0.001
Not Hispanic or Latino 12,339 (89.3) 12,339 (89.3) Not Hispanic or Latino 101,442 (77.8) 101,442 (77.9)
Hispanic or Latino 1,476 (10.7) 1,476 (10.7) Hispanic or Latino 17,816 (13.7) 17,816 (13.7)
Unknown/Decline to State 0(0.0) 0(0.0) Unknown/Decline to State 11,000 (8.4) 11,000 (8.4)
Birth year (mean (SD)) 1946.49 (13.43) 1046.55(13.51) 0.705  0.005 |Birth year (mean (SD)) 1968.38 (21.83) 1068.38 (21.83) 0.724 0.001
Lifespan, years (mean (SD)) 69.25 (13.21) 69.10(13.38) 0.327 0.012 |Lifespan, years (mean(SD)) NA NA
776 AD status = True (%) 195 (1.4) 379(27)  <0.001 0093 |AD status = True (%) 354 579 <0001 0029

777
778 Reports of ‘NA’ for lifespan indicate censored death information in the Stanford study groups. SMD =
779  Standardized Mean Difference, SD = Standard deviation
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